A series of N-carbonyl-functionalized ureas, carbamates and thiocarbamates derivatives (or N-Chloro sulfonyl isocyanate "N-CSI") were involved in linear and nonlinear physicochemical quantitative structure-activity relationship "QSAR" analysis to find out the structural keys to control the inhibition against Sterol O-Acyl-Transferase-1 "SOAT-1". The results indicate the important effects of geometrical and chemical descriptors on the inhibitory activity of SOAT-1. The molecules were also screened for three-dimensional molecular docking on the crystal structure of ACAT-1 (1WL5 for ACAT-1, PDB). A comparison between 2D-QSAR and 3D molecular docking studies shows that the latter confirm the first results and represent a good prediction of the chemical and physical nature of interactions between our drug molecules and enzyme SOAT-1.
Introduction
Acyl-coenzyme A: Cholesterol O-Acyl-Transferase (ACAT) is an intracellular enzyme that catalyzes the formation of cholesterol ester from free cholesterol and long-chain fatty acyl-coenzyme A [1] [2] [3] . Recently this enzyme was named Sterol O-Acyl-Transferase (SOAT) to keep a difference between acyl-coenzyme A: Cholesterol O-AcylTransferase (ACAT) and acetyl-coenzyme A: acetyltransferase or acetoacetyl-coenzyme A thiolase, also marked as ACAT [4] . Up to date, two SOAT isozymes have been identified [5, 6] . SOAT-1 is an essential isozyme for intracellular storage of cholesteryl esters [7] . SOAT-2 is expressed exclusively in the small intestine and liver [8, 9] . In human liver, both of SOAT isozymes are expressed and may provide cholesteryl esters for very low density lipoprotein [10] .
SOAT inhibitors have been developed over the last two decades as potential drugs for treatment of hypercholesterolemia and atherosclerosis [11] . In general, SOAT inhibitors are thought to have two different pharmacological actions: suppression of cholesterol adsorption in the intestine that leads to reduction of plasma cholesterol level, and suppression of foam cell formation in the arterial walls [12] . Currently, cholesterol reduction can be achieved satisfactorily with so-called strong STATIN, such as atorvastatin and pritavastatin [13] . Thus, the direct suppression of foam cell formation in atherosclerotic lesions, which is independent of the cholesterol lowering effect, is a more attractive aspect of SOAT inhibitors. As SOAT-1 is the dominant isozyme expressed in macrophage, SOAT-1 is regarded as a target molecule of SOAT-1 inhibitors in the arterial walls. However, selective disruption of macrophage SOAT-1 by bone narrow transplantation from SOAT-1 null mice to LDL receptor-null mice resulted in exacerbation of diet-induced atherosclerosis. Therefore, it is still controversial whether pharmacological inhibition of SOAT-1 in macrophages contributes to exacerbation or amelioration of atherosclerosis.
There is a large number of literature reports on the application of computational methods for describing the activity of biologically active compounds [14] . Quantitative structure-activity relationship studies are the most extensively used methods in computational chemistry. Appropriate representation of the structural and physicochemical features of chemical agents is an essential key to the successful application of QSAR models [15] .
QSAR studies play a fundamental role in predicting the biological activity of new compounds and identifying ligand-receptor interaction. The first step in constructing the QSAR models is finding one or more molecular descriptors that represent variation in the structural property of the molecules by a number [16] . Structural descriptors have been classified into different categories according to different approaches including physiochemical, constitutional, geometrical, topological, and chemical descriptors. Currently, more than 1000 molecules descriptors can be easily calculated using available software such as Dragon [17] .
There are different variable selection methods available including multiple linear regression (MLR) as linear method, and genetic algorithm, artificial neural network (ANN) as nonlinear methods. The relationship between molecular descriptors and activity is used to define the parameters affecting the biological activity and/or estimate the property of other molecules.
SOAT inhibitor compounds have been the subjects of QSAR studies to define statistical models describing the relationship between the structure and biological activity into the two ways-linear and nonlinear. We used the structural invariants obtained from whole molecular structures of a series of 130 derivatives of the SOAT-1 inhibitors. We exploited two different chemometrics methods, i.e., Multiple Linear Regression and Artificial Neural Network in order to make connections between structural parameters and SOAT inhibition. Finally, we performed the 3D molecular docking of these analogs on crystal of ACAT-1 (1WL5, PDB) to evaluate the binding energies as well as their mode of interaction.
Data and Methodology

Dataset Collection
An Intel ® Core™ 2 Duo (CPU: T7300 2.00 GHz) with windows 7 and Linux Redhat operating systems were used. The two and three dimensional structures of molecules were drawn using ChemOffice v12 software package. The resulted geometry and Z-matrix were transferred into the Gaussian 98 program in order to perform the geometry and properties. The resulted geometry was performed with the semi-empirical AM1 method in MMP32 Pro program.
The biological data used in this study is SOAT inhibitory activity (in terms of pIC 50 = −Log 10 IC 50 ) of a set of 130 N-CSI derivatives. The data set was already synthesized and used by J. A. Picard et al. in 1996 for QSAR studies [18] . The structural features and biological activity of these compounds are listed in Table 1 (annex) and then used for subsequent QSAR analysis as dependent variable. All of our molecular descriptors were calculated using the MMP32 Pro and Dragon packages. Some chemical parameters including molecular volume, molecular surface area, hydration energy and molecular polarizability were calculated using the ChemOffice v12 Software. The Gaussian program was employed for calculation of different quantum chemical descriptors including dipole moment, local charges, HOMO and LUMO energies.
Variable Selection and 2D-QSAR Model Generation
For each family of N-CSI derivatives (Figure 1) , separate linear and nonlinear QSAR models were constructed. The development of QSAR equations has been done with two different methods: stepwise multiple linear regression and fitting function with artificial neural network. The selection of significant descriptors, which constructs a relationship between the biological activity data and the molecular structures, is an important step in QSAR modeling. Selection of significant descriptors was performed trough the following steps: 1) The calculated descriptors were collected in a data matrix, whose number of rows and columns were the number of molecules and descriptors, respectively. First the descriptors were checked for constant or near constant values and those detected were removed from the original data matrix. The correlation of descriptors with each other's and with the activity data was determined.
2) The input variable in MLR must not be highly correlated. Among the collinear descriptors detected (r > 0.8) one with the highest correlation with the activity was retained and the rest were omitted.
3) The selected descriptors from each class and the experimentally inhibition of SOAT data were analyzed by the stepwise regression with SATISTICA 8.0 Software.
Multiple linear regression was used to generate linear models between the inhibitory activity and the molecular descriptors. With consideration of large number of descriptors used in this study, we have used forward and backward stepwise algorithms to select the pertinent descriptors [19] . The predictive activity of the model is quantified in terms of r 2 which is defined as Equation 1. is the predictive sum of squares (PRESS). The optimum number of components used to derive the final regression models was the one that corresponds to the lowest PRESS value. In addition to the q 2 , the corresponding PRESS, the conventional correlation coefficient r 2 and its standard errors s were also computed. To test the stability and robustness of the models, more rigorous statistical tests were performed by group cross-validation to eliminate the possibility of chance correlation.
The artificial neural network (ANN) consists of an input layer, an output layer and a number of hidden layers. At each node in a layer the information is received, stored, processed and communicated further to nodes in the next layer. All the weights are initialized to small random numeric values at the beginning of training. These weights are updated or modified iteratively using the generalized delta rule or steepest-gradient descent principle. The training process is stopped when no appreciable change is observed in the values associated with the connection links or some termination criterion is satisfied. Thus, the training of back-propagation network consists of two phases: a forward pass during which the processing of information occurs from the input layer to the output and a backward pass when the error from the output layer is propagated back to the input layer and the interconnections are modified. An example of a ANN topology is shown in Figure 2 .
The contribution of descriptors
was estimated from the [n-m-1] neural network architecture 
Alignment of Compounds and 3D Molecular Docking
All the dataset molecules were aligned (Figure 3) according to the binding models resulting from docking simulations. Each compound was docked within the ATP binding pocket of the active ACAT-1 site using the program Molegro [20] . The recently reported X-ray crystallographic structure (2.3 Å resolution; PDB accession code: 1WL4 and 1WL5) of ACAT-1 in complex with ATP ( Figure 4 ) was chosen as template for SOAT-1 target, based on resemblance between the co-crystallized ligand and the compounds under analysis. The X-ray structure was manipulated to prepare the input for Molegro calculations by removing both non-polar hydrogens and water molecules. The binding pocket was inserted into a grid box centred on the bound ligand and enclosing residues lying within about 11 Å from the ligand itself. The Molegro program was used to add the hydrogens and establish the protonation state at the physiological pH for all the inhibitors, before adding the Gasteiger atomic charges. Finally, the rigid root and the rotatable bonds for each compound were defined using the module implemented on Molegro program. The MolDock algorithm was employed to explore the possible orientations and conformations of SOAT-1 inhibitors in the binding site. For each of the 100 independent runs, a maximum number of 1500,000 operations were performed with a population size of 200 individuals. Finally, the best ranked conformation of each molecule was selected. The scoring function and electronic, electrostatic and hydrophobicity interactions between ligand and analogs were deeply analyzed to extract the right and useful chemical information.
Results and Discussion
Physicochemical 2D-QSAR Studies of N-CSI Analogs
In order to study the effect of different levels of a radical analogues N-CSI, we divided the initial database (Family F) into two databases (Families D and E) while showing in each case a nitrogen atom and an oxygen atom in the basic skeleton. Then we divided the database (Families D and E) into three databases (Families A, B and C) to investigate further the effect and the nature of the atoms on the inhibitory activity of the enzyme SOAT-1. For each database we have conducted a linear and nonlinear QSAR analysis to determine the nature of this relationship and the relevant physico-chemical descriptors. The specificity of this 2D-QSAR study is of using physicochemical descriptors to exploit chemical information for a useful design of new N-CSI generation analogs. The sets were devised into two groups using hierarchical ascending classification HAC to make groups with high similarity. Table 2 summarizes the final linear models equations of the datasets (Families A to F) for training and validation sets.
Tables 3 and 4 include the linear and nonlinear statistical results, respectively, for each database while mentioning the number of validated molecules n, the correlation coefficient r, the standard deviation s, the Fischer test F and the coefficient of cross-validation q 2 with architecture of the neural network adopted.
The 2D-QSAR study of Family A, has allowed us to validate the hydrogen bond donor of radical R 4 and the molecular width of the radical R 1 as relevant descriptors with a contribution of 53% and 47% respectively. The Family B has allowed us to validate the lipophilicity of the radical R 1 as relevant descriptor with a contribution of 100%. Finally, for the Family D, we have validated the molecular volume, lipophilicity and hydrogen bond donor molecule as relevant descriptors with a contribution of 0.85%, 20.79% and 78.36% respectively.
The 2D-QSAR study of Families A, B, and D allowed us to conclude that inhibitors of SOAT-1 must submit electronic properties of hydrogen bond donor and lipophilicity of the side of the sulfonyl group of the molecule, and the larger contribution confirms these descriptors. The 2D-QSAR study of Families B, C and E, has allowed us to validate the molecular weight, molecular volume of the molecule, the radical R 1 and radical R 2 as the 4 relevants descriptors with a contribution of 18%, 19.77%, 27.55% and 34.22% respectively for Family C. Family E has allowed us to validate the molecular length of the molecule, the radical R 1 and the radical R 2 as relevant descriptors with a contribution of 36.54%, 40.25% and 23.21% respectively.
We concluded that SOAT-1 inhibitors must present steric properties such as molecular volume and molecular length of the side of the sulfonyl group and the side of the carbonyl group of the molecule. The high contributions of these descriptors confirm it. Finally, from the 2D-QSAR studies of Families D, E and F, we concluded that the hydrogen bond donor of the molecule and the radical R 1 with the lipophilicity of the radical R 2 are the relevant descriptors with a contribution of 52.59%, 37.82% and 9.58% respectively.
We deduced that SOAT-1 inhibitors should exhibit properties of both electronic and steric hydrogen bond donor of the sulfonyl group side, namely the radical R 1 , and lipophilicity of the carbonyl group side, namely the radical R 2 of the molecule. The high contribution of the hydrogen bond donor descriptor confirms that the inhibitory activity is mainly governed by the electronic properties.
On the other hand, comparison of linear ( Table 5 ) and nonlinear results allowed us to conclude that the relationship between the chemical structure of N-CSI analogs and their inhibitory activity of the enzyme SOAT-1 is a non-linear relationship and the correlation coefficient values confirm it (r linear < r non-linear ) share a Family B where the relationship is rather a linear relationship. By comparing the coefficients of cross-validation we find that nonlinear models are robust as q 2 > 0.6 (depending on the conditions of WOLD [21] ) and the two linear models (Families C and E) are not.
Three Dimensional Molecular Docking Studies of N-CSI Analogs
In order to study the pharmacodynamics of each molecule derived from 130 N-CSI analogs and find the best relationship between the inhibitor and the protein SOAT-1, taking into account of interactions that exist before and after complex formation, we have performed a study of molecular docking with the program MOLE-GRO.
We conducted an analysis of molecular docking of ten best SOAT-1 inhibitors. The molecules 1 to 10 show the chemical structures of ten molecules that have been selected for this analysis after lead identification analysis using MOLEGRO. We followed the methodology described above (see Section 8.3) in the methodology section. By analyzing the results we find that the pose No 01 of the ligand "Binding_DB_50050205" has both a better scoring function −123.383 and better interaction of hydrogen bonds with a total energy of −5.86. The ligand "Bindin_DB_50050205" corresponds to the molecule 9 with reference "CHEMBL22415".
By analyzing more closely the hydrogen interactions, we find that the ligand "CHEMBL22415" has three hydrogen bonds lengths 3.18, 3.02 and 2.67 with −1.174, −2.193 and −2.55 of energy respectively. The highlight of these hydrogen bonds in space ( Figure 5) shows that the atoms of the urea function are the only responsible of this type of interaction.
In order to exhibit the effect of electrostatic and hydrophobic of radicals and the whole molecule on the pocket, we performed an analysis of these interactions with the program MOLEGRO. The results are shown in Analysis of the hydrophobicity of the ligand in the cavity allowed us to conclude that the pocket has mainly hydrophobic regions (represented by the blue color Figure 7) and small areas rather hydrophilic outside the cavity (represented by the red color in the same figure) . This high hydrophobicity of the cavity and the major scoring function of the ligand are vouched for the presence of aliphatic chains on the nitrogen atom of the urea function and isopropyl groups on the benzene ring. 
Conclusions
In this paper, we have demonstrated that the ligand (N-CSI analogs) and the biological target (SOAT-1) have significant electronic interactions with the presence of three hydrogen bonds donor between the atoms of the urea function and the biological target. In addition, the presence of electrostatic and hydrophobic interactions is strongly justified by the presence of aliphatic chains on the nitrogen atom on urea function and the isopropyl radicals on the benzene ring. These results confirm the 2D-QSAR analysis.
Taken together, the 2D-QSAR model and the computational analysis of the pharmacodynamics properties described herein will constitute a valuable tool for the design of novel structurally related N-CSI inhibitors endowed with increased affinities toward SOAT-1 and improved ADME profiles.
